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SIMILARITY METRIC RELATIVIZED TO A
USER’S PREFERENCES

CROSS-REFERENCE TO RELATED
APPLICATIONS

This application claims the benefit of and priority to U.S.
Provisional Patent Application Ser. No. 62/044,762, filed
Sep. 2, 2014, which 1s incorporated herein by this reference
in its entirety.

BACKGROUND

A recommendation system attempts to present a user with
items most likely to match a user’s tastes. A common
recommendation system uses collaborative filtering to rec-
ommend content to a user. For example, given a list of past
items, a recommendation system may be configured to
determine which 1tems are similar to previous items 1n the
list. A data-driven system will typically represent each item
as a set of feature values (e.g., meta data), and call two 1tems
similar when they are “close” to each other under some
measure dependent on the features.

For example, a movie recommendation system might
represent a given movie by its list of actors, its director, and
its genre. Two movies may be considered similar when
several of these values overlap. The simplest type of col-
laborative filtering system treats users as features of an 1tem;
thus, two 1tems are similar when many of the same users
have chosen both items. In another example of a recom-
mendation system using collaborative filtering, some shop-
ping websites may suggest additional purchases to a user
purchasing an item based on what other users who pur-
chased the same 1tem also purchased (regardless of whether
those other users have any other interests in common with
the current user). Thus, in collaborative filtering, auto-
generated messages such as “Shoppers who purchased that
item also purchased this™ are not based on or triggered by the
user’s past personal purchasing history or preferences.
Rather, the suggested item ““also purchased this™ 1s one that
many other users have purchased 1n combination with the
first 1item (“that 1tem”). Moreover, those “other” users that

are the basis of the recommendation may not have any of the
same 1nterests or objectives as the user.

BRIEF DESCRIPTION OF THE DRAWINGS

This disclosure 1s illustrated by way of example and not
by way of limitation in the accompanying figures. The
figures may, alone or in combination, illustrate one or more
embodiments of the disclosure. Elements illustrated in the
figures are not necessarily drawn to scale. Reference labels
may be repeated among the figures to indicate corresponding,
or analogous elements.

FIG. 1 1s a simplified schematic diagram of at least one
embodiment of an environment of a computing subsystem
comprising a content recommendation system as disclosed
herein;

FIG. 2 1s a simplified flow diagram of at least one
embodiment of a content recommendation process execut-
able by a computing system, such as the computing system
of FIG. 1; and

FIG. 3 1s a simplified block diagram of at least one
embodiment of a computing environment in which the
content recommendation subsystem of FIG. 1 may be imple-
mented.

10

15

20

25

30

35

40

45

50

55

60

65

2
DETAILED DESCRIPTION OF THE DRAWINGS

While the concepts of the present disclosure are suscep-
tible to various modifications and alternative forms, specific
embodiments thereol are shown by way of example 1n the
drawings and are described in detail below. It should be
understood that there 1s no intent to limit the concepts of the
present disclosure to the particular forms disclosed. On the
contrary, the intent 1s to cover all modifications, equivalents,
and alternatives consistent with the present disclosure and
the appended claims.

Referring to FIG. 1, in one embodiment, a content rec-
ommendation subsystem 102 executable by a computing
system 100 1s shown. The illustrative embodiment (e.g.,
native or virtual “runtime” or “execution” environment) of
the computing system 100 includes the content recommen-
dation subsystem 102. The computing system 100 1s capable
of storing any number of items of content, and the content
recommendation subsystem 102 1s capable of recommend-
ing additional content (e.g., content of which the user 1s not
otherwise or previously aware) to a user based on prefer-
ences that are measured relative to the particular user,
without needing to rely on content or activities of other
users. For example, aspects of the content recommendation
subsystem 102 can improve upon results obtained through
collaborative filtering, by personalizing the recommenda-
tions developed through collaborative filtering according to
a specific user’s activities, interests, or preferences. In other
embodiments, aspects of the content recommendation sub-
system 102 can generate personalized content recommen-
dations independently of a collaborative filtering system or
other type of recommendation system. In other words, the
content recommendation subsystem 102 can be 1mple-
mented alone or 1n combination with other types of recom-
mendation systems (e.g., collaborative filtering).

The illustrative content recommendation subsystem 102
recelves or accesses a data set 110 of information, which 1s
composed of items 112. As used 1n this application, a data set
110 may refer to any collection of data or information that
1s searchable by a user or by a computer program. As used
in this application, items 112 may refer to any type of
searchable electronic data file (or other type of data struc-
ture) that includes one or more features. For example, a data
set may be a baseball statistics data set where each item 1s
a given player and each feature i1s a given statistic. As
another example, a data set may be a set of web pages, video
files, and/or music files that the user has recently accessed.
An individual news article, video file, or music file would be
an item 1n the data set. In this data set, features may include
terms (e.g., words or phrases) contained 1n the web pages or
extracted from the video and/or music files, and may also
include meta data associated with the web pages, video files,
and/or music files (e.g., title, author, genre, etc.).

The data set 110 may be stored locally on the computing
system 100, or may be stored elsewhere, depending on the
application. In the event that the data set 110 1s stored
external to the computing system 100, the computing system
100 1s configured to access the data set 110 via one or more
networks. Irrespective of the location 1n which the data set
110 (or individual items of the data set 110) are stored, in
some embodiments, the data set 110 1s limited to 1items that
are personal to a specific user, such as content (e.g., docu-
ments, messages, social media posts, etc.) that are created by
or accessed by the user, the user’s personal reading history,
transaction history, etc. However, the data set 110 may in
some embodiments include items that are generated or
accessed across multiple different software applications. In
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other words, the user’s personal data set 110 can include
items ranging from purchase history across a variety of
e-commerce applications, video playing history, search his-
tory, messages and social media posts, etc. In some 1mple-
mentations, the data set 110 1s limited to items that the user
or a computing system has specifically marked as private to
the user and not sharable with other users, devices, or
systems. This allows embodiments of the content recom-
mendation subsystem 102 to operate even when a larger data
set containing information for a broader population of users
1s not available (for example, when a mobile device 1s not
connected to a network). In other embodiments, however,
the data set 110 may include items that are specific to a
particular user as well as 1tems that are associated with other
users or a population of users.

The data set 110 1s shown merely as an 1illustrative
example, the computing system 100 and the content recom-
mendation subsystem 102 may be configured to store and
analyze any number of data sets of documents and/or other
clectronic content. The computing system 100 includes any
requisite communication mechanism and protocols needed
for eflectuating a content recommendation based on an
analysis of the chosen data sets.

The 1llustrative content recommendation subsystem 102
1s embodied as a number of machine-readable components,
such as instructions, modules, data structures and/or other
components, which may be implemented as computer hard-
ware, firmware, software, or a combination thereof. Portions
of the content recommendation subsystem 102 may be
executed by other computing devices 1 communication
with computing system 100, as described below with refer-
ence to FIG. 3.

Many recommendation systems struggle to recommend
content based on the actual, personal, tastes of a particular
user. Instead, many recommendation systems recommend
content based on what other users have previously selected
(e.g., a recommendation system that uses collaborative fil-
tering). In other words, the measure of similarity utilized by
these systems 1s general in nature: first, these prior systems
identify a population of users who have also purchased the
item now selected by the current user; then, the prior
systems determine other 1items also purchased by the users 1n
the population of users who have purchased the item of
current interest. So the measure of similarity between the
current item of interest and any given recommended 1tem
relates to the number of users who have purchased both the
current item of 1nterest and the recommended 1tem. Among
other things, this generalized measure of similarity does not
delve into the reasons why the current user or other users
may have made the purchase. For example, a user 1n the user
population may have purchased a children’s book as a gift
and a non-fiction book for themselves. If the current user
also purchases the non-fiction book, existing content rec-
ommendation systems may recommend the children’s book
to the current user, even though the children’s book bears no
relation to the current user’s personal interests.

As discussed above, these existing recommendation sys-
tems rely on data that 1s collected over time for a population
of users whose 1nterests may or may not be similar to those
of the current user. Further still, these systems may be
limited to considering only data that 1s collected as a result
of user activity within a single software application (for
example, an e-commerce application collects purchase his-
tory data for all of 1ts users but may not have access to
purchase history data for the population of users of a
competing service, or other types of user interaction data
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collected by other applications, such as content reading/
viewing history collected by news and entertainment appli-
cations).

As discussed above, existing recommendation systems
can make only a generalized assessment of similarity, but do
not measure similarity relative to a specific user’s prefer-
ences. To illustrate this point, 1f a user entered a search term
“Apollo Ohno™ mnto a search engine, the user would receive
search results regarding a number of items that mmvolve
Apollo Ohno. Because Apollo Ohno 1s an Olympic speed
skater, and Dan Jansen and Eric Heiden are also speed
skaters, a content recommendation system may recommend
articles that talk about the Olympic speed skating triumphs
of Dan Jansen and Eric Heiden. Since to a sports fan, Apollo
Ohno 1s associated with speed skating and the Olympics,
these content recommendations would likely be of interest.
However, to a fan of reality television or dance, Apollo Ohno
may be associated with the TV reality series “Dancing with
the Stars.” In the context of reality TV, Apollo Ohno may be
thought of as similar to other winners of Dancing with the
Stars, such as actress Kelly Monaco or singer Nicole Scher-
zinger. Thus, the reality TV fan would likely prefer content
recommendations related to the Dancing with the Stars TV
show, Kelly Monaco or Nicole Scherzinger, and would not
be interested in articles on other Olympic speed skaters,
even though that user entered “Apollo Ohno” as the search
term. Current recommendation content systems cannot
determine whether the user 1s a sports fan or a fan of reality
TV (unless the user 1s specifically asked this question or the
user otherwise explicitly provides this information). Conse-
quently, using current approaches, a user may receive search
results that are of lesser 1nterest to that particular user, even
though they may be, in a general, broad-population, sense,
highly relevant to the search term that 1s entered.

(Given this observation, a content recommendation sub-
system 102 1s disclosed herein that 1s configured to generate
content recommendations that are relativized to an 1ndi-
vidual user’s tastes, preferences, or interests (where such
tastes, preferences, or interests may be algorithmically
derived from the user’s own data set). As described 1n more
detail below, the content recommendation system 102 uti-
lizes a modified mathematical definition of similarity that
reflects the preferences of a specific user.

A mathematical framework for recommending content
can represent content items as feature vectors. In determin-
ing whether to recommend a particular content item, a
system can compute a similarity metric by performing a
numerical comparison of the feature vectors of pairs of
content items, where the similarity metric 1s a measurement
of similarity (or “distance”) between the two items of
content. For example, a similarity metric can be determined
by computing the Fuclidean distance between the two
feature vectors, or by computing the cosine of the angle
between the vectors, or by computing a mathematical diver-
gence between probability distributions that are derived by
normalizing the feature vectors.

In illustrative embodiments, the content recommendation
subsystem 102 creates a probability distribution of the data
set 110 (1n some cases, the probability distribution of the
data set 110 may be referred to as a “language model™), and
creates a user prelerence feature distribution. The user
preference feature distribution (which may 1n some cases be
referred to as a “user model”) can be derived from the
language model (i.e., the probability distribution of the data
set 110) by retaining only those items of the data set 110 that
are 1ndicative of the user’s preferences, interests, or tastes
(e.g., items that have been viewed, watched, or purchased by
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the user). In other words, the user preference distribution 1s
a probability distribution of a user-specific data set that only
includes 1tems that indicate user preferences, interests, or
tastes. The user-specific data set (which may be retferred to
as “user activity data 118”) may be a subset of the data set
110. The probability distribution of the data set 110 can be
generated using, €.g., co-clustering techniques. These math-
ematical techniques derive feature clusters and/or item clus-
ters from the language model (where a feature cluster or 1item
cluster comprises a grouping of features or items, as the case
may be, that are similar according to some similarity mea-
sure) (such clusters may be identified by a label or name,
such as a category or topic). The clusters learned from the
language model are then applied to the user model.

In this way, the i1llustrative content recommendation sub-
system 102 1s configured to induce a weighting on the vector
space or information space ol a data set 110 based on
comparing the user preference feature distribution to a
“background” feature distribution of the data set 110. For
example, 1n a movie data set where 1tems are movies and
teatures are actors, Clint Eastwood and Brad Pitt might each
appear 1 1% of the movies available 1n the movie data set.
However, a given user may have given a favorable rating (or
at least views by the user) to 5% of the movies starring Clint
Eastwood, but only have given a favorable rating to 0.5% of
movies starring Brad Pitt. This distribution suggests that the
user likes movies starring Eastwood five times as much as
the background rate, but likes movies starring Pitt half as
much as the background rate. The content recommendation
subsystem 102 incorporates these types of user-specific
preference ratios as a weighting function nto the computa-
tion of the similarity metric.

Thus, embodiments of the content recommendation sub-
system 102 are configured to utilize user activity data 118
(e.g., data indicating content accessed or viewed by the user,
items purchased by the user, etc.) to compute a weighting
function that can be incorporated into a similarity metric,
which can be used to measure similarity of items of a data
set (e.g., pieces of content), and to recommend content based
on that similarity metric. For example, the content recom-
mendation subsystem 102 1s configured to: first, ascertain
that a user 1s more or less interested 1 a specific topic
relative to other topics 1n a set of possible topics; and,
second, generate or recommend content for the user based
on the user’s relative interest levels in the set of possible
topics. For instance, in the Apollo Ohno example, the
possible topics may include “speed skating™ and “dancing,”
and the content recommendation subsystem 102 may rec-
ommend content clustered under the “dancing™ topic based
on the user-relativized similarity metric.

In 1llustrative embodiments, the content recommendation
subsystem 102 uses mathematical (e.g., co-clustering) tech-
niques to derive features (e.g., term clusters) from the data
set 110. In other embodiments, the content recommendation
subsystem 102 identifies and prioritizes the extracted fea-
tures based on distinctiveness of the features with respect to
the data set as a whole (e.g., based on an evaluation of the
number of items 1n which the extracted feature occurs). That
1s, the evaluation of extracted features may be performed
without going through any kind of clustering process, in
some embodiments.

The content recommendation subsystem 102 may receive
the 1tems 112 of the data set 110 and may apply a co-
clustering algorithm 114 to those items 112, partitioning the
data set 110 into clustered data 116. Clustering the data set
110 1s a way to organize the data set 110 (e.g., by assigning
items and/or features 1n the data set 110 to more generalized
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topics or categories, where a topic or category name or label
represents a cluster). Clustered data 116 includes one or
more 1tem clusters and one or more feature clusters. In
illustrative embodiments, the co-clustering algorithm 114
simultaneously partitions the data set 110 1nto one or more
item clusters and one or more feature clusters. By simulta-
neously partitioning the data set 110 1nto 1tem clusters and
teature clusters, the co-clustering algorithm 114 minimizes
the loss of information from the raw data.

In some embodiments, the co-clustering algorithm 114
performs a form of natural language processing. More
specifically, the co-clustering algorithm 114 may perform
unsupervised machine learning, where the information ana-
lyzed by the machine learning algorithm 1s generated solely
from the language contained in the surveyed content (e.g.,
the data set 110) (which may be a data set that 1s personal to
the user). The co-clustering algorithm 114 identifies rela-
tionships between words or phrases (1.e., features) found in
the data set 110 using statistical methods, and determines the
clustered data 116 based on these relationships. These unsu-
pervised machine learning techniques allow the data set 110
to be sorted and organized without the manual effort of users
being involved 1n the process. As used in this application, an
item cluster may refer to a grouping of similar items found
in the data set 110. For example, an 1tem 1n an 1tem cluster
may be a document, a video, or a music {ile. As used 1n this
application, a feature cluster may refer to a grouping of
similar features (or features used 1n an 1tem) from the data
set 110. For example, a feature 1n a feature cluster may be
a particular word or phrase found 1n the items of the data set,
or may be information describing the items, such as who 1s
the author of an item (e.g., terms, meta data, etc.). The
co-clustering algorithm 114 simultaneously analyzes each
item 112 1n the data set 110 and separates each feature found
in the data set 110 into a feature cluster and each item found
in the data set 110 into an item cluster. In illustrative
embodiments, each feature 1n the data set 110 1s assigned to
only one feature cluster, and each 1tem 112 1n the data set 110
1s assigned to only one item cluster. While this description
refers to performing co-clustering of items and features
“stmultaneously,” those of ordmary skill in the art will
appreciate that such processing 1s subject to the capabilities
of the computing system utilized; and that in other embodi-
ments the co-clustering may not be performed simultane-
ously.

In alternative embodiments, items 112 and features of the
data set 110 may be assigned to multiple clusters. For
example, topic modeling through Latent Dirichlet Allocation
(LDA) 1s an unsupervised machine learning technique where
items and features are assigned to multiple topic clusters
(e.g., many to many, as opposed to one to one, topic
assignments). Under the LDA model, each item 1s composed
of a probability distribution over topics (these are the latent
variables to be inferred by the model) and each topic 1s
composed of a probability distribution over each feature.

In some embodiments, the co-clustering algorithm 114
may also include the use of a manual specification approach
to organize the data set 110 into clustered data 116. In a
manual specification approach, a user designs a controlled
vocabulary of tags to assign to the 1tems 112. These types of
vocabularies are taxonomies, or ontologies, and may have
associated definitions. Taxonomies can provide an external
reference classification system, and thus can i1dentity and
track specific topics 1n a more reliable and consistent man-
ner. These taxonomic vocabularies may 1nclude an associa-
tion for each tag with a set of related words. Each set of
related words may be referred to as a language model. When
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the language models provide a suiliciently rich language set
around the tags 1n the classification, clustered data 116 may
be mapped 1nto the external reference vocabulary. Combin-
ing manual specification methods with unsupervised leam-
ing techniques enables diflerent data sets of information to
be mapped to the same reference system.

In some embodiments, the items 112 can be input directly
into the user-preference weighting module 126 without any
clustering at all. All that 1s needed 1s that the features and
items are indicative of each other. In other embodiments, the
items 112 can be clustered without clustering their features.
In other embodiments, the features of the 1tems 112 might be
clustered without clustering the items.

The content recommendation subsystem 102 may be
configured to generate or access user activity data 118.
Using the user activity data 118, the content recommenda-
tion subsystem 102 generates a user-preference feature
distribution 120. As used 1n the application, user activity
data 118 may refer to any mformation generated by a user
that indicates one or more preferences, interests, or tastes of
the user. For example, user activity data 118 may include
Internet browsing history, data searching history, a media
consumption history (such as books, TV shows, or movies),
or any other type of historical data exhibiting the prefer-
ences, tastes, or interests of the user. Note that in embodi-
ments where unsupervised machine learning techniques are
used, the user activity data 118 1s algorithmically derived
from other data as opposed to being pre-programmed or
manually mput by the user.

The content recommendation subsystem 102 may be
configured to generate the user-preference feature distribu-
tion 120 by mapping the user activity data 118 for a
particular user to one or more topics. As noted above, the
user activity data 118 may include a subset of the data set
110. Such mapping can be performed by generating a
probability distribution over the topics that have been
derived from the data set 110 using co-clustering techniques.
In other words, by mapping the user activity data 118 to the
one or more topics, the content recommendation subsystem
102 generates a probability distribution (which may be
referred to as a user preference feature distribution 120),
which 1s indicative of a likelihood that a user 1s interested in
(and thus 1s likely to select content associated with) a given
topic (and the computed likelithood 1s based on the user
activity data 118). Portions of the user preference feature
distribution 120 may be supplied to the user preference
welghting module 126 from time to time (e.g., 1n response
to an input term 124). In some embodiments, the user-
preference data 122 may be embodied as a one-dimensional
array ol user-preference probability values related to each
topic included i1n the user-preference feature distribution
120. In 1llustrative embodiments, the one or more topics are
related to the one or more 1tem clusters or the one or more
teature clusters. In 1llustrative embodiments, a user-prefer-
ence feature distribution 120 1s generated for each user of the
content recommendation subsystem 102. In this way, the
content recommendation subsystem 102 1s capable of per-
sonalizing each content recommendation for each user of the
subsystem 102. Stated another way, if two different users
enter the same input term or search query, the content
recommendation system 102 can nonetheless recommend
different content to each of the different users in response to
the input term or search query, where the user-specific
content recommendations are based on the individual users’
preferences as derived from the user activity data 118.

The content recommendation subsystem 102 1s config-
ured to recerve one or more mput terms 124 generated by the
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user. As used 1n this application, the one or more input terms
may refer to any words or phrases included in a search
request generated by the user. For example, a user may
generate one or more input terms by entering one or more
words or phrases 1n a search iput field of an Internet search
engine. In another example, the user may generate put
terms by speaking one or more words or phrases 1nto speech
recognition soiftware.

The user-preference weighting module 126 may be con-

figured to generate one or more user-specific similarity
metrics 136 based on the clustered data 116, the user-
preference data 122, and the mput terms 124. The user-
preference weighting module 126 includes a probability
distribution module 128, a user-preference probability dis-
tribution module 130, an input term processing module 132,
and a similarity metric module 134.

The probability distribution module 128 may be config-
ured to generate a probability distribution of the data set 110
based on the clustered data 116. In 1llustrative embodiments,
the probability distribution 1s a two-dimensional array of
probability values, where each probability value relates to a
particular 1tem cluster and a particular feature cluster in the
clustered data 116. Each probability value 1s indicative of the
likelihood that a particular feature cluster appears 1n a
particular item cluster, given all of the other occurrences of
that particular feature cluster 1n the data set 110. For
example, the items 112 of a data set 110 may comprise
movies and a feature of each item may be the actors/
actresses 1 each movie. In this example, 1tem clusters may
be embodied as movie genres (e.g., action, romance, com-
edy) and a particular feature cluster may be embodied as
particular actors/actresses (e.g., Clint Eastwood, Audrey
Hepburn, and/or Tom Hanks) An individual probability
value may comprise the likelithood that Tom Hanks 1s 1n an
action movie, given all of the movies 1n which Tom Hanks
has appeared. For istance, a probability value that the “Tom
Hanks™ feature cluster 1s included 1n the “action movie” item
cluster may be 10%, while the probability value that the
“Tom Hanks™ feature cluster 1s 1n the “romance movie” item
cluster may be 45%.

Any specific probability value 1n the probability distribu-
tion 1s a probabilistic determination based on how frequently
the specific features 1n the feature cluster appear in the
specific 1items of the item cluster 1n question. For example,
a probability distribution may be defined over a certain
number of item clusters and feature clusters. In this example,
any 1ndividual item cluster in the probability distribution 1s
denoted by 1 and any individual feature cluster in the
probability distribution 1s denoted by j. Each item cluster 1
1s made up ol m number of unique 1tems in the data set 110,
and each feature cluster j 1s made up of n number of unique
features 1n the data set 110. In this example, a probability
value for any specific cluster pair (1), composed of an 1tem
cluster 1 and feature cluster 1, 1s a probabilistic determination
based on how Irequently the features n of the particular
teature cluster 7, appear 1n the 1tems m, of the particular item
cluster 1, given the total occurrences of the features n 1n the
data set 110. In illustrative embodiments, a probability value
may be embodied as any value between 0 and 1, and the sum
of all values 1n a probability distribution will be 1.

In the probability distribution, an i1tem cluster vector 1s a
one-dimensional array relating the probability values for a
single 1tem cluster to every feature cluster. In the example
discussed above, an 1tem cluster vector may be embodied as
all of the probability values related to the action movie item
cluster. In general, an 1tem cluster vector includes probabil-
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ity values indicative of the occurrence of each feature cluster
in the item cluster that defines the 1tem cluster vector.

The user-preference probability distribution module 130
1s configured to generate a weighted probability distribution
based on the probability distribution generated by the prob-
ability distribution module 128 and the user-preference data
122 received from the user-preference feature distribution
120. The weighted probability distribution includes a plu-
rality of weighted probability values corresponding to each
item-feature cluster pair. Each weighted probability value 1s
indicative of both the likelihood that a particular feature
cluster occurs 1n a particular 1tem cluster of the data set 110
and a likelihood that a user will select an 1tem 112 from the
data set 110 based on the user-preference data 122. The
user-preference probability distribution module weights the
probability distribution of the data set 110 using the user-
preference data 122, which 1s based on the user activity data
118. In some embodiments, the user-preference weighting
module 126 generates the weighted probability distribution
for the entire probabaility distribution. In other embodiments,
the user-preference weighting module 126 generates only a
partial weighted probability distribution based on which
features appear in the mput terms 124.

The user-preference probability distribution module 130
also renormalizes the weighted probability distribution 1n
order to attain a distribution that can be used 1n a divergence
metric. In this technique, the item vectors form rows of a
two-dimensional array and the feature vectors form columns
of the two-dimensional array. Each entry 1n the two-dimen-
sional array 1s normalized so that the probability distribution
1s a joint distribution between 1tems and features. In such a
configuration, the sums of each column or row form a
marginal distribution. Similarly, before being used to create
the weighted probability distribution, the user-preference
data 122 may be normalized to obtain different marginal
distributions related to the user activity data 118. The
weilghted probability distribution 1s a component-wise ratio
of these two distributions (probabaility distribution and user-
preference data 122). The probability matrix over the data
set 110 1s P(item, feature). It can also be represented as
P=P(itemlieature)*P(feature). The user-preference data 122
may be represented as Q(feature). In such a case, the
weighted probability distribution may be defined as P'=P
(itemlfeature)*Q(feature). Divergences applied to 1tem-con-
ditional distributions in the resulting weighted probability
distribution are the same as divergences computed by the
welghting scheme described above. In some embodiments,
the weighted probability distribution 1s a probability distri-
bution that reflects the individual tastes of the user.

In some embodiments, the weighted probability distribu-
tion 1s defined to lie somewhere between the probability
distribution originally derived from the clustered data and
the user-preference data 122. This type of weighted prob-
ability distribution avoids leaving out features from the data
set 110 that the user has not experienced, but that may still
be relevant.

The 1nput term processing module 132 may be configured
to determine input term data based on the one or more 1nput
terms 124 received by the content recommendation subsys-
tem 102 from the user. The input term data 1s indicative of
what feature clusters correspond to the one or more input
terms 124. In illustrative embodiments, the features included
in the mput terms 124 correspond to the features identified
in the data set 110. Once the mput term processing module
132 identifies the features corresponding to the mput terms
124, the input term processing module 132 determines what
teature clusters of the clustered data 116 correspond to the
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input terms 124. For example, 1 the one or more input terms
124 include the phrase “lTom Hanks,” the mput term pro-
cessing module 132 may be configured to i1dentily feature
clusters related to the term “Tom Hanks.”

In some embodiments, the mput term data may include
one or more probabilities 1indicative of likelihoods that the
iput terms 124 relate to a specific feature cluster in the
clustered data 116. For example, input terms 124 generally
include a collection of words (e.g., search terms) entered by
a user, where each term of the collection of input terms 124
may be found in a different feature cluster. Based on the
collection of mput terms 124 and the order of the individual
terms, the mput term processing module 132 may be con-
figured to determine how likely it 1s that the mnput terms 124
relate to each feature cluster in the clustered data 116.

The similarity metric module 134 1s configured to deter-
mine one or more user-specific similarity metrics 136 based
on the mput term data and the weighted probability distri-
bution. The user-specific similarity metrics 136 are indica-
tive of a similarity between the input term data and the

weilghted probability distribution.

The similarity metric module 134 compares the weighted
probability distribution of the data set 110 to the input term
data to determine similarities between the one or more 1mput
terms 124 and the data set 110 being analyzed. In illustrative
embodiments, the similarity metric module 134 uses a
divergence metric, such as a Hellinger divergence metric, to
determine the similarities between the mput terms 124 and
the data set 110. In illustrative embodiments, the individual
weighted probability values of the Welghted probablhty

distribution may be represented by the vector pk, where k
represents the probability value of a specific cluster pair. The

probability values generated as part of the mput term data
—_
may be represented by the vector r;,, where k represents an

input term probability value relating the input terms to a
particular feature cluster. It should be appreciated that to use

— —
any distance or divergence metric both p, and r, must have

the same dimensions. Accordingly, in the illustrative

— —
embodiments, p; 1s an item cluster vector and the vector r;

1s compared to the plurality of item cluster vectors.

Under these conditions, the illustrative similarity metric
module 134 calculates the Hellinger divergence using the
following equation:

H(p, ?]=1/~/7\/2kofp—k—w/r‘k)2 (1)

Using the Hellinger divergence equation above, similarities
between the data set 110 and the mnput terms 124 are found
by choosing the r that 1s closest to the p. In other embodi-
ments, the user-specific similarity metric module 134 uses a
Kullback-Liebler divergence, or other delta-divergence, to
determine similarities. In vet other embodiments, the simi-
larity metric module 134 uses Euclidean metrics, such as
cosine, to determine similarities between corpora.

In 1llustrative embodiments, after determining the diver-
gences between the data set 110 and the input terms 124
based on the weighted probability distribution and the input
term data, the similarity metric module 134 generates a
user-specific similarity metric 136 for each feature 1identified
in the input terms 124. The content recommendation module
138 may be configured to use the user-specific similarity
metric 136 to generate content to output to the user, such as,
for example, search results, or search expanders (e.g., query
augmentation). The user-specific similarity metric 136 1s
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indicative of how similar the input terms 124 are to cluster
pairs 1n the weighted probability distribution.

In some embodiments, the data set 110 may be embodied
as the internet, and the content recommendation module 138
may be configured to deliver search results to the user from
the data set 110 1n response to the user mputting one or more
input terms 124, or search terms. In those embodiments, the
content recommendation module 138 may order the search
results according to the user-specific similarity metric 136,
and deliver the search results to the user 1n an ordered list.
For example, the content recommendation module 138
include at the top of the list the item from 112 whose
weilghted probability value 1s most similar to the probability
values of the features 1n the mput terms 124.

In other embodiments, the data set 110 may comprise a
database of input term 124 expanders. In such embodiments,
the content recommendation module 138 may be configured
to act as a keyword personalizer. Using a weighted prob-
ability distribution of the data set 110, the content recom-
mendation module 138 1s configured to algorithmically
expand a user’s query (i.e., mput terms 124) by adding
additional query terms that the system determines as similar
to the mput terms 124 already specified in the query by the
user. For example, a query by a first user that includes the
term “Ichiro” may be augmented with the term “Yankees™
based on the weighted probability distribution of the input
term expander data set; whereas, a query by a second user
that includes the term “Ichiro” may be augmented with the
term “fashion.” When the content recommendation module
138 acts as a keyword personalizer using the weighted
probability distribution that includes user-preference data
122, the content recommendation module 138 produces
results that better reflect the personal preferences and inter-
ests of each individual user.

In at least some embodiments, the content recommenda-
tion subsystem 102 1s language independent, meamng that
the technological approach to recommending content may
be used to analyze a data set of 1tems written 1n nearly any
foreign language. The content recommendation subsystem
102 does not rely on specific assumptions about the particu-
lar structure, grammar, or content of the language used. The
same clustered data 116 and weighted probabaility distribu-
tions may be generated for any data set of documents written
in nearly any language. Consequently, nearly any data set
110 may be analyzed using the content recommendation
subsystem 102 may without moditying the algorithms and
methods of the content recommendation subsystem 102.

Referring to FIG. 2, a simplified flow diagram of at least
one embodiment of a process 200 executable by the com-
puting system 100 1s shown. The process 200 may be
embodied as computerized programs, routines, logic and/or
instructions executed by the computing system 100, for
example by one or more of the modules and other compo-
nents shown 1n FIG. 1 described above. At block 202, the
computing system 100 uses a co-clustering algorithm to
cluster a data set 1nto clustered data, including one or more
item clusters and one or more feature clusters. The data set
1s comprised of one or more items ol information, such as
documents, music, or other multimedia files. In one
example, the data set (which may be referred to as a
“corpus”) includes news articles, TV listings, and e-com-
merce purchase data. Fach individual item 1n the data set
may be referred to as a “record” or “document.” In some
embodiments, e.g., where structured data 1s available (i.e.,
data associated with predefined data fields), the data fields
and structured data can be used to organize or define the data
set. In some embodiments, the 1tems in the data set may be
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organized by source (e.g., all news articles obtained from
News Service X, purchase history on e-commerce site Y,
etc.) or multiple data sets can be used (e.g., one data set per
source).

At block 204, the computing system 100 generates a
probability distribution based on the clustered data of the
data set. In illustrative embodiments, the probability distri-
bution 1s a two-dimensional array made up of item clusters
and feature clusters. Each element of the probability distri-
bution 1s a probability value of an item/feature cluster pair
indicative of a likelihood that the feature cluster occurs 1n
the 1tem cluster of the cluster pair, given all of the other
occurrences ol the feature cluster in the data set. In the
illustrative embodiments, the probability distribution 1s the
jomt probability density function (jpdi) over all feature
(e.g., terms) and 1items (e.g., documents) 1n the data set (e.g.
corpus). Features that only occur a small number of times
may be excluded from consideration.

As an example, suppose 1tems are documents and features
are words. The document “The cat 1s on the mat” contains
2 occurrences of the word “the.” The document contains 6
total word occurrences over 5 total words. The probability of
selecting an occurrence of the word *““the” from this docu-
ment 1s 2 out of 6, or 33%. The probability of selecting an
occurrence of the word “cat” 1s 1 out of 6, or 17%. Suppose
there 1s a second document, “The cat slept.” There are now
2 documents 1n the data set, with a total of 9 word occur-
rences. In the joint probability distribution, we measure the
likelihood of randomly selecting any word occurrence out of
any document 1n the data set. The probability of getting the
word “the” 1s now 3 out of 9, or 33%. The probability of
getting the word “cat” 1s 2 out of 9, or 22%. The probability
of getting an occurrence of the word “the” in the second
document 1s 1 out of 9, or 11%. Clustering sums the
occurrence counts for items in a cluster and sums the
occurrence counts for features in a cluster to produce a
distribution like above, over occurrences, selecting from
item clusters and feature clusters rather than from 1tems and
features.

At block 206, the computing system 100 generates a
user-preference feature distribution for each user based on
one or more instances of user activity detected by the
computing system 100 for that particular user. From the
user-preference feature distribution, the computing system
100 generates user-preference data. The user-preference data
1s 1ndicative of a likelihood that the user will select a
particular 1tem from the data set, given the user’s past
activity data (e.g., history of selecting items). The user-
preference feature distribution 1s derived by determiming
what items 1n a data set have been accessed by a user, for
example, which 1tems were seen, read, watched, looked at,
and/or bought by the user. In some embodiments, the
features of the user-preference feature distribution are cor-
related with the feature clusters derived from the data set.
From the user-preference feature distribution, the computing
system 100 generates user-preference data indicative of the
one or more user-preference probability values.

As noted above, the user preference feature distribution
(or “user model”) can 1mtially be dernived from the language
model by retaining exactly those items (e.g., documents)
that were used (e.g., seen, read, watched, looked, or bought)
by the user, and then applying the term clusters and/or
document clusters learned from the language model to the
user model. The user model thus contains joint probability
density functions that are analogous to the language model
1pdis. In some embodiments, different data sources of user
activity information may be treated differently by the system
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100; for example, different data fields may be used ditler-
ently or different user activities may be treated differently
(e.g., documents read may be treated differently than docu-
ments accessed).

At block 208, the computing system 100 generates a
weighted probability distribution based on the probability
distribution of the data set and the user-preference feature
distribution. In illustrative embodiments, the weighted prob-
ability distribution 1s a two-dimensional array comprised of
weighted probability values related to cluster pairs com-
posed of item clusters and feature clusters. The weighted
probability values are indicative of how likely a particular
user 1s to select an 1tem 1n the data set based on the past

activity of the user and the occurrences of those features 1n
the data set.

At block 210, the computing system 100 determines 11 the
user has entered one or more mput terms. In illustrative
embodiments, a user enters the one or more 1mput terms as
part of a query looking for information. At block 212, the
computing system 100 determines input term data based on
the mput terms entered by the user. When determining the
iput term data, the computing system 100, at block 214,
correlates the input terms and the clustered data, in particu-
lar, correlates the mnput terms with the feature clusters.
Optionally, at block 216, the computing system 100 as part
of the input term data determines one or more input term
probability values indicative of a likelihood that the input
terms relate to a specific feature cluster.

At block 218, the computing system 100 generates one or
more user-specific similarity metrics indicative of a distance
between the input term data and the weighted probability
distribution. In 1illustrative embodiments, the user-specific
similarity metric 1s embodied as a divergence (e.g., the
Hellinger Divergence) calculated between the weighted
probability distribution and the input term data.

At block 220, the computing system 100 recommends
content to the user based on the user-specific similarity
metrics. In some embodiments, at block 222, the computing,
system 100 uses the user-specific similarity metrics to pro-
duce items from the data set that are related to the input
terms. In other embodiments, such as at block 224, the
computing system 100 uses the user-specific similarity met-
rics to recommend personalized keywords to append to the
input terms. Personalized keywords may be used as query
expanders to try to predict what the user 1s searching for
betfore they finish entering the mput terms. Alternatively, the
additional query terms might be sent to the query engine
(e.g., without presentation to the user) as a way to direct the
engine to return items ol higher interest to the user.

The following describes an exemplary use case to illus-
trate the operation of one embodiment of the content rec-
ommendation subsystem 102. Imagine a collection of 6
documents/items and 5 terms/features of interest. The Count
Table shown below 1n Table 1 shows the number of times
cach term occurs 1n each document. Suppose clustering puts

D1 and D2 ito Cluster C1 (“baseball”); D3 and D4 into
Cluster C2 (“celebrity”); and D5 and D6 into Cluster C3
(“trends™). The system generates a Compressed Count
Table, shown 1n Table 2 below, by adding up (summing) the
columns (occurrence counts) of the Count Table shown 1n
Table 1 that correspond to the 1tems 1n each cluster. In this
example, we are not clustering rows (terms/features).
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TABLE 1
Count Table
D1 D2 D3 D4 D5 D6
Ichiro 6 8 3 10 2 0
Yankees 10 10 0 0 0 0
fashion 0 0 3 9 8 5
Fukushima 0 0 3 10 5 7
computer 0 0 0 0 D 10
TABLE 2
Compressed Count Table
Cluster C1 Cluster C2 Cluster C3
Ichiro 14 13 2
Yankees 20 0 0
fashion 0 12 13
Fukushima 0 13 12
computer 0 0 15

The Language Model shown 1n Table 3 below 1s obtained
by converting the Compressed Count Table to a probability
distribution. Suppose now that User 1 has read documents

D1, D2, and D3 and that User 2 has read documents D3, D4,
and DS5. The User Models in Tables 4 and 5 are obtained the

same way, using the clusters from the Language Model.

TABLE 3

Language Model

Lang. Model Cl1 C2 C3
Ichiro 12 11 .02
Yankees AR 0 0
fashion 0 11 11
Fukushima 0 11 11
computer 0 0 13
SUM .30 33 37
TABLE 4
User 1 Model
User 1 C1 C2 C3
Ichiro 33 07 0
Yankees 47 0 0
fashion 0 07 0
Fukushima 0 07 0
computer 0 0 0
SUM 79 21 0
TABLE 5
User 2 Model
User 2 Cl1 C2 C3
Ichiro 0 22 .03
Yankees 0 0 0
fashion 0 21 .14
Fukushima 0 22 .09
computer 0 0 09
SUM 0 .66 34
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In this example, we can see that User 1 has a 79%
preference for Cluster C1 (“baseball”), compared to the
Language Model (baseline) preference of 30% and User 2’s
preference 1s 0% for the same cluster. We can compute the
user-specific weightings on the clusters shown in the above

tables as:
User 1 weighting=(0.79/0.30, 0.21/0.33, 0/0.37)=(2.63,

0.64, 0)

User 2 weighting=(0/0.30, 0.66/0.33, 0.34/0.37)=(0, 2.0,
0.92)

“Ichiro” 1s represented in the language model as (0.12,
0.11, 0.02), which normalizes to (0.48, 0.44, 0.08). When the
User 1 weighting 1s applied to the language model, this
becomes (2.63%0.48, 0.64%0.44, 0*0.08)=(1.26, 0.28, 0)
which normalizes to (0.82, 0.18, 0). Compared to the base-
line distribution 1n the language model, this user-specific
distribution places higher weight on the “baseball” cluster
and lower weight the “trends™ cluster.

In the Language Model: Ichiro=(0.48, 0.44, 0.08) and Yan-

kees=(1, 0, 0). The Hellinger distance between these 1s:

LWV VO TBVT P+ (VO 22

Under the User 1 weighting these are: Ichiro=(0.82, 0.18,
0) and Yankees=(1, O, 0). The Hellinger distance between
these weighted values 1s 0.31. This 1s a smaller distance,
meaning that “Yankees” 1s closer to “Ichiro™ for User 1. We
can measure how far each term 1s from “Ichiro” in the
Language Model and for each User, as shown in Table 6
below.

VO 2+(V0.08-v0)?=0.55

TABLE 6

Similarity metrics.

Distance from Language
“Ichiro™ Model User 1 User 2
Yankees 0.55 0.31 0.71
fashion 0.59 0.76 0.25
Fukushima 0.58 0.76 0.23
computer 0.86 0.71 0.86

As shown above, User 1 associates “Ichiro” with “Yan-
kees” while User 2 associates “Ichiro” with “Fukushima™
and “fashion”. The content recommendation subsystem 102
takes 1nto account these user-specific weighted term simi-
larities 1n selecting content to recommend to the user.

Referring now to FIG. 3, a simplified block diagram of an
embodiment 300 of the computing system 100 1s shown.
While the illustrative computing system 300 1s shown as
involving multiple computing devices, 1t should be under-
stood that 1n some embodiments, the computing system 300
may constitute a single computing device alone. The com-
puting system 300 includes a user computing device 310,
which may be 1n communication with one or more server
computing devices 360 via one or more networks 350. The
content recommendation subsystem 102, or portions thereof,
may be distributed across multiple computing devices 310,
360 that are connected to the network(s) 350 as shown. In
other embodiments, however, the content recommendation
subsystem 102 may be located entirely on the computing
device 310. In some embodiments, portions of the system
100 may be incorporated into other computer applications.
As used herein, “computer application” may refer to hard-
ware, software, a combination of hardware and software, or
any level of software application (e.g., operating system,
middleware, libraries, frameworks, and/or interactive user-
level applications). For example, portions of the system 100
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may be incorporated 1nto or accessed by a search engine,
content organization system, content management system,
big data analytics applications, and/or other applications,
systems and devices. As used herein, “module,” “compo-
nent,” “subsystem” and similar terminology may refer to
computer code, 1.¢., soltware developed using a program-
ming language such as Java, Python, or C++, which may be
stored 1n computer memory, €.g., as executable instructions
embodied 1n one or more transitory or non-transitory coms-
puter readable media.

The 1llustrative computing device 310 includes at least
one processor 312 (e.g. a microprocessor, microcontroller,
digital signal processor, etc.), memory 314, and an mput/
output (I/O) subsystem 316. The computing device 310 may
be embodied as any type of computing device capable of
performing the functions described herein, such as a per-
sonal computer (e.g., desktop, laptop, tablet, smart phone,
wearable device, body-mounted device, etc.), a server, an
enterprise computer system, a network of computers, a
combination of computers and other electronic devices, or
other electronic devices. Although not specifically shown, 1t
should be understood that the I/O subsystem 316 typically
includes, among other things, an I/O controller, a memory
controller, and one or more 1/0 ports. The processor 312 and
the I/0 subsystem 316 are communicatively coupled to the
memory 314. The memory 314 may be embodied as any
type of suitable computer memory device (e.g., volatile
memory such as various forms of random access memory).

The I/O subsystem 316 1s communicatively coupled to a
number of hardware and software components and/or other
computing systems including a “front end” of the content
recommendation subsystem 102A, a user interface subsys-
tem 334, which includes one or more user mput devices
(e.g., one or more microphones, touchscreens, keyboards,
virtual keypads, etc.) and one or more output devices (e.g.,
speakers, displays, LEDs, haptic devices, etc.). The I/O
subsystem 316 1s also commumnicatively coupled to a number
of sensors 330, one or more data storage media 318, one or
more computer applications 332, and a commumnication
subsystem 336. It should be understood that each of the
foregoing components and/or systems may be integrated
with the computing device 310 or may be a separate com-
ponent or system that 1s in communication with the /O
subsystem 316 (e.g., over a network 350 or a serial bus
connection).

The data storage media 318 may include one or more hard
drives or other suitable data storage devices (e.g., flash
memory, memory cards, memory sticks, and/or others). In
some embodiments, portions of the content recommendation
subsystem 102A, data set(s) 320, probability distributions
322, weighted probability distributions 324, user-preference
data 326, input term data 328 and/or other data reside at least
temporarily in the data storage media 318. Portions of the
content recommendation subsystem 102A and/or other data
may be copied to the memory 314 during operation of the
computing device 310, for faster processing or other rea-
SONnS.

The communication subsystem 336 may communica-
tively couple the computing device 310 to one or more
communication networks 350, e.g., a local area network,
wide area network, personal cloud, enterprise cloud, public
cloud, and/or the Internet, for example. Accordingly, the
communication subsystem 336 may include one or more
wired or wireless network interface software, firmware, or
hardware, for example, as may be needed pursuant to the
specifications and/or design of the particular computing
system 100.
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The server computing device(s) 360 may be embodied as
any suitable type of computing device capable of performing

the functions described herein, such as any of the atoremen-
tioned types of devices or other electronic devices. For
example, 1n some embodiments, the server computing
device(s) 360 may include one or more server computers
including data storage media 368, which may be used to
store “back end” portions of the content recommendation
subsystem 102B, data set(s) 370, probability distributions
372, weighted probability distributions, 374, user-preference
data 376, input term data 378 and/or other data. The 1llus-
trative server computing device 360 includes one or more
processors 362, memory 364, an I/O subsystem 366, data
storage media 368, computer applications 380, a user inter-
face subsystem 382, and a communication subsystem 384,
cach of which may be embodied similarly to the correspond-
ing components of the user computing device 310, respec-
tively, described above. The computing system 300 may
include other components, sub-components, and devices not
illustrated in FIG. 3 for clarity of the description. In general,
the components of the computing system 300 are commu-
nicatively coupled as shown 1n FIG. 3 by signal paths, which
may be embodied as any type of wired or wireless signal
paths capable of facilitating communication between the
respective devices and components.

ADDITIONAL EXAMPLES

[lustrative examples of the technologies disclosed herein
are provided below. An embodiment of the technologies may
include any one or more, and any combination of, the
examples described below.

In an example 1, a method for recommending content to
a user based on a data set of the user includes, by a
computing system comprising one or more computing
devices: creating a probability distribution of the data set,
the data set comprising a plurality of items, each item
comprising one or more occurrences of a plurality of fea-
tures, the probability distribution comprising, for each item
and feature pair in the data set, a probability value indicative
of the proportion of total occurrences of any feature
accounted for by that item and feature pair; receiving one or
more mput terms 1n response to one or more nputs entered
by a user; accessing a user-preference feature distribution
indicative of one or more preferences of the user, the
user-preference feature distribution indicating a likelihood
that the user will select at least one of the pluralities of
features or 1tems relative to all other ones of the plurality of
features or 1tems of the data set; determining a user-specific
similarity metric indicative of a similarity between the one
or more input terms and the items of the data set based on
the probability distribution of the data set and the user-
preference feature distribution; and outputting a content
recommendation based on the user-specific similarity met-
ric.

An example 2 includes the subject matter of example 1,
and includes: based on the user-specific similarity metric,
selecting one or more 1tems to output to the user, each of the
selected 1tems being related to the one or more 1mput terms;
and ordering the selected i1tems based on the user-specific
similarity metric. An example 3 includes the subject matter
of example 1 or example 2, and includes: correlating the one
or more input terms with one or more features of the data set;
and based on the one or more mnput terms, selecting a subset
of the probability distribution related to the one or more
teatures correlated with the one or more mput terms, the
subset of the probability distribution including the likeli-
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hood that each correlated feature occurs 1n the plurality of
items. An example 4 includes the subject matter of any of
examples 1-3, wherein the user-preference feature distribu-
tion 1ncludes a likelihood that the user will select a specific
item from the plurality of items of the data set based on one
or more historical preferences of the user. An example 5
includes the subject matter of example 4, wheremn: the
user-preference feature distribution includes different user-
preference probability distributions across the plurality of
items for different terms and different features based on
historical user selections when those particular terms and
features are present; and the user-preference feature distri-
bution 1s selected based on the one or more input terms. An
example 6 includes the subject matter of any of examples
1-5, and includes determining the user-specific similarity
metric for each item i1n the data set based on (1) the
user-specific similarity metric determined for each i1tem of
the data set, (11) the probability distribution of the item,
where the probability distribution of each i1tem includes a
likelihood of an occurrence of a feature i1n the 1tem when
compared to all occurrences of that feature 1n the plurality of
items, and (111) the one or more mput terms. An example 7
includes the subject matter of any of examples 1-6, and
includes: receiving historical user activity data regarding
past selections of 1tems made by the user from the data set;
and generating user-preference feature distributions based
on the historical user activity data. An example 8 includes
the subject matter of example 7, wherein generating user-
preference feature distributions comprises generating a plu-
rality of probabilities that a user will select a particular
category of content based on past content selections made by
the user. An example 9 1includes the subject matter of any of
examples 1-8, wherein the data set comprises one or more
personalized keywords; and wherein the user-specific simi-
larity metric 1s mdicative of a likelihood that one or more
personalized keywords 1n the data set will be entered by the
user based on the probability distribution and the user-
preference feature distribution; and the method comprises
outputting an ordered list of personalized keywords based on
the user-specific similarity metric, wherein each personal-
1zed keyword 1s configured to augment the one or more 1input
terms entered by the user.

In an example 10, a method for recommending content
based on one or more preferences of a user and a data set
comprising a plurality of items includes, by a computing
system comprising one or more computing devices: repre-
senting the items by a plurality of item clusters and a
plurality of feature clusters, the 1tem clusters and the feature
clusters algorithmically derived from the data set, the item
clusters each comprising at least one 1tem and the feature
clusters each comprising at least one feature; creating a
probability distribution of the data set by, for each feature
cluster 1n the data set, determining probability distribution
data indicative of the proportion of total occurrences of any
teature cluster accounted for by that item cluster and feature
cluster pair; accessing a user-preference feature distribution
indicative of one or more preferences of a user, the user-
preference feature distribution including a likelihood the
user will select a given one or more of the feature clusters
or item clusters relative to all other feature clusters or item
clusters of the data set; generating a weighted probabaility
distribution based on comparing the user-preference feature
distribution to the probability distribution; receiving one or
more input terms 1n response to one or more actions taken
by the user; determining a user-specific similarity metric
between the one or more input terms and the weighted
probability distribution; and outputting one or more items to
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the user based on the user-specific similarity metric, where
one or more of the 1tem clusters are selected based on the
user-specific similarity metric and the one or more 1tems
output to the user are chosen from the selected item clusters.

An example 11 includes the subject matter of example 10,
wherein determining the user-specific similarity metric com-
prises determining a mathematical distance between the
weighted probability distribution of the data set and the one
or more input terms. An example 12 includes the subject
matter of example 10 or example 11, and includes: selecting,
a user-preference feature distribution from a plurality of
user-preference feature distributions based on the one or
more input terms, where each user-preference feature dis-
tributions includes one or more preferences of the user
related to one or more different term terms employed by the
user previously; and generating the weighted probability
distribution based on the selected user-preference feature
distribution and the probability distribution. An example 13
includes the subject matter of any ol examples 10-12,
wherein the user-preference feature distribution comprises a
likelihood for each 1tem cluster 1n the data set that the user
will select that specific item cluster from the plurality of item
clusters of the data set based on selections of item clusters
made previously by the user. An example 14 includes the
subject matter of example 13, wherein the user-preference
teature distribution further comprises a likelihood for each
item 1n the data set that the user will select that specific item
from the plurality of 1items of the data set based on selections
of 1tems made previously by the user. An example 15
includes the subject matter of any of examples 10-14, and
includes selecting one or more subsets of the probability
distribution of the data set, where each of the subsets of the
probability distribution are related to a specific feature
cluster and 1nclude a distribution of probabilities that the
plurality of terms of the specific feature cluster occur 1n each
of the plurality of the 1tem clusters, wherein the selection of
the subsets and the feature clusters 1s determined by corre-
lating the 1nput terms with the terms of each feature cluster.
An example 16 includes the subject matter of any of
examples 10-15, wherein outputting the items to the user
occurs 1n response to the user entering one or more input
terms as part of a query of the data set, the input terms being
indicative of a subject matter the query. An example 17
includes the subject matter of any of examples 10-16,
wherein the data set comprises one or more personalized
keywords; and wherein the user-specific similarity metric 1s
indicative of a likelithood that one or more personalized
keywords 1n the data set will be entered by the user based on
the probability distribution and the user-preference feature
distribution; and outputting an ordered list of personalized
keywords based on the user-specific similarity metric, each
personalized keyword configured to extend the one or more
input terms entered by the user.

In an example 18, a method for expanding a query based
on a data set of a user includes, by a computing system
comprising one or more computing devices: creating a
probability distribution of the data set, the data set repre-
sented by a plurality of feature clusters algorithmically
derived from the data set and a plurality of keyword
expander clusters algorithmically derived from the data set,
by, for each feature cluster and keyword expander cluster
pair, determining probability distribution data indicative of
a proportion ol total occurrences ol any feature cluster
accounted for by a keyword expander cluster and feature
cluster pair; accessing a user-preference feature distribution
indicative of one or more query preferences of a user based
on queries previously performed by the user; receiving one
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or more input terms 1n response to a query being entered by
ne user, the input terms being derived from the query;

t

determining one or more query expanders to append to the
query of the user, the query expanders being selected from
the data set of keyword expanders based on the mput terms,
the probability distribution of the data set, and the user-
preference feature distribution; and outputting the one or
more query expanders to the user.

An example 19 includes the subject matter of example 18,
wherein the query expanders are personalized for each user
utilizing a weighted probability distribution of the data set
based on a combination of the probability distribution and
the user-preference feature distribution. An example 20
includes the subject matter of example 18 or example 19,
and includes generating a predictive metric for each query
expander, the predictive metric indicative of how likely the
user 1s to enter a query that includes the mput terms and the
query expander based on the similarities between the mput
terms and the query expander and based on the preferences
of the user.

In an example 21, a method of creating a measure of
user-preference includes, with a computing system compris-
ing one or more computing devices: accessing a data set, the
data set comprising a plurality of items and each item
comprising one or more occurrences of a plurality of fea-
tures, clustering the data set into a plurality of item clusters;
creating a probabaility distribution of the data set, wherein the
probability distribution comprises, for each 1tem cluster and
feature combination in the data set, a probability value
proportional to the number of occurrences of the feature in
the 1tem cluster; 1dentitying a user-specific subset of the data
set, the user-specific subset comprising only 1tems that have
been used by the user; applying the item clusters to the
user-specific subset of the data set; creating a probability
distribution of the user-specific subset of the data set,
wherein the probability distribution of the user-specific
subset of the data set comprises, for each item cluster and
feature combination in the user-specific subset of the data
set, a probability value proportional to the number of occur-
rences ol the feature in the 1tem cluster; and mathematically
comparing the probability distribution of the user-specific
subset of the data set to the probability distribution of the
data set. An example 22 includes the subject matter of
example 21, and includes determining a user preference for
one of the item clusters by (1) for each item cluster, summing
the probability values of the probability distribution of the
user-specific subset of the data set for the features 1n the 1tem
cluster, and (11) comparing the summed probability values
across all of the item clusters. An example 23 includes the
subject matter of example 22, and includes computing a user
specific weighting for each of the item clusters by, for each
item cluster (1) summing the probability values of the
probability distribution of the data set as a whole across the
features 1n the 1tem cluster, and (11) computing a ratio of the
sum of the probability values for the user-specific subset of
the data set to the sum of the probability values for the data
set as whole. An example 24 includes the subject matter of
example 23, and includes modifying the probability distri-
bution of the data set by the user-specific weightings.

GENERAL CONSIDERATIONS

In the foregoing description, numerous specific details,
examples, and scenarios are set forth 1n order to provide a
more thorough understanding of the present disclosure. It
will be appreciated, however, that embodiments of the
disclosure may be practiced without such specific details.
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Further, such examples and scenarios are provided {for
illustration, and are not intended to limit the disclosure in
any way. Those of ordinary skill in the art, with the included
descriptions, should be able to implement appropriate func-
tionality without undue experimentation.
References 1n the specification to “an embodiment,” etc.,
indicate that the embodiment described may include a
particular feature, structure, or characteristic, but every
embodiment may not necessarily include the particular
feature, structure, or characteristic. Such phrases are not
necessarily referring to the same embodiment. Further, when
a particular feature, structure, or characteristic 1s described
in connection with an embodiment, i1t 1s believed to be
within the knowledge of one skilled 1n the art to effect such
feature, structure, or characteristic 1n connection with other
embodiments whether or not explicitly indicated.
Embodiments 1n accordance with the disclosure may be
implemented in hardware, firmware, software, or any com-
bination thereotf (e.g., software written using a programming,
language such as Java, C++, and/or Python). Embodiments
may also be implemented as instructions stored using one or
more machine-readable media, which may be read and
executed by one or more processors. A machine-readable
medium may include any mechanism for storing or trans-
mitting iformation 1n a form readable by a machine (e.g.,
a computing device or a “virtual machine” running on one
or more computing devices). For example, a machine-
readable medium may include any suitable form of volatile
or non-volatile memory.
Modules, data structures, and the like defined herein are
defined as such for ease of discussion, and are not intended
to 1mmply that any specific implementation details are
required. For example, any of the described modules and/or
data structures may be combined or divided into sub-
modules, sub-processes or other units of computer code or
data as may be required by a particular design or imple-
mentation of the computing system 100.
In the drawings, specific arrangements or orderings of
schematic elements may be shown for ease of description.
However, the specific ordering or arrangement of such
clements 1s not meant to 1mply that a particular order or
sequence of processing, or separation of processes, 1s
required 1n all embodiments. In general, schematic elements
used to represent instruction blocks or modules may be
implemented using any suitable form of machine-readable
instruction, and each such instruction may be implemented
using any suitable programming language, library, applica-
tion-programming interface (API), and/or other software
development tools or frameworks. Similarly, schematic ele-
ments used to represent data or information may be 1mple-
mented using any suitable electronic arrangement or data
structure. Further, some connections, relationships or asso-
ciations between elements may be simplified or not shown
in the drawings so as not to obscure the disclosure.
This disclosure 1s to be considered as exemplary and not
restrictive 1n character, and all changes and modifications
that come within the spirit of the disclosure are desired to be
protected.
The invention claimed 1s:
1. A method for recommending content, the method
comprising, by a computing system comprising one or more
computing devices:
creating a probabaility distribution of a data set, the data set
comprising a plurality of 1tems, each item comprising
one or more occurrences of a plurality of features;

receiving one or more mput terms in response to one or
more inputs entered by a user;
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modifying the probability distribution of the data set by
mapping user activity data of the user to one or more
topics of the data set to produce a user-preference
feature distribution;

wherein the user activity data comprises a subset of the

data set;
wherein the user-preference feature distribution com-
prises a plurality of weighted probability values;

wherein a weighted probability value of the plurality of
welghted probability values indicates both (1) a likeli-
hood that a particular feature cluster occurs 1n a par-
ticular item cluster of the data set and (1) a likelihood
that the user will select an 1tem from the data set:

determining a user-specific similarity metric indicative of
a similarity between the one or more 1nput terms and
one or more items of the data set based on the user-
preference feature distribution; and
outputting a content recommendation that 1s personalized
for the user based on the user-specific similarity metric,
wherein the content recommendation 1s used to modity,
supplement, or replace a recommendation that 1s pro-
duced by a recommendation system.
2. The method of claim 1, further comprising;:
based on the user-specific similarity metric, selecting one
or more items to output to the user, each of the selected
items being related to the one or more input terms; and

ordering the selected items based on the user-specific
similarity metric.

3. The method of claim 1, further comprising:

correlating the one or more 1nput terms with one or more

features of the data set; and

based on the one or more input terms, selecting a subset

of the probability distribution related to the one or more
features correlated with the one or more mput terms,
the subset of the probability distribution including the
likelihood that each correlated feature occurs in the
plurality of items.

4. The method of claim 1, wherein the user-preference
teature distribution includes a likelihood that the user will
select a specific 1tem from the plurality of 1tems of the data
set based on one or more historical preferences of the user.

5. The method of claim 4, wherein:

the user-preference feature distribution includes different

user-preference probability distributions across the plu-
rality of items for different terms and diflerent features
based on historical user selections when those particu-
lar terms and features are present; and

the user-preference feature distribution 1s selected based

on the one or more 1nput terms.

6. The method of claim 1, further comprising determining
the user-specific similarity metric for each i1tem in the data
set based on (1) the user-specific similarity metric deter-
mined for each item of the data set, (11) the probability
distribution of the 1tem, where the probability distribution of
cach 1tem includes a likelihood of an occurrence of a feature
in the 1tem when compared to all occurrences of that feature
in the plurality of items, and (111) the one or more 1nput
terms.

7. The method of claim 1, further comprising:

recerving historical user activity data regarding past selec-

tions of 1tems made by the user from the data set; and
generating user-preference feature distributions based on
the historical user activity data.

8. The method of claim 7, wherein generating user-
preference feature distributions comprises generating a plu-

.
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rality of probabilities that a user will select a particular
category of content based on past content selections made by
the user.
9. The method of claim 1, wherein the data set comprises
one or more personalized keywords; and wherein the user-
specific similarity metric 1s mdicative of a likelihood that
one or more personalized keywords in the data set will be
entered by the user based on the probability distribution and
the user-preference feature distribution; and the method
comprises outputting an ordered list of personalized key-
words based on the user-specific similarity metric, wherein
cach personalized keyword 1s configured to augment the one
or more mput terms entered by the user.
10. A method for recommending content based on one or
more preferences of a user and a data set comprising a
plurality of items, the method comprising, by a computing,
system comprising one or more computing devices, modi-
tying, supplementing, or replacing a recommendation that 1s
produced by a recommendation system by:
representing the items by a plurality of item clusters and
a plurality of feature clusters, the 1tem clusters and the
feature clusters algorithmically derived from the data
set, the 1tem clusters each comprising at least one item
and the feature clusters each comprising at least one
feature:
creating a probability distribution of the data set by, for
cach feature cluster in the data set, determining prob-
ability distribution data indicative of a proportion of
total occurrences of any feature cluster accounted for
by that 1item cluster and feature cluster pair;

modilying the probability distribution of the data set by
mapping user activity data of the user to one or more
topics of the data set to produce a user-preference
feature distribution:

wherein the user activity data comprises a subset of the

data set;
wherein the user-preference feature distribution com-
prises a plurality of weighted probability values;

wherein a weighted probability value of the plurality of
weighted probability values indicates both (1) a likeli-
hood that a particular feature cluster occurs 1n a par-
ticular item cluster of the data set and (11) a likelihood
that the user will select an 1item from the data set;

determining a user-specific similarity metric indicative of
a similarity between one or more input terms and one
or more 1tems ol the data set based on the user-
preference feature distribution; and
outputting one or more items to the user based on the
user-specific similarity metric, where one or more of
the 1tem clusters are selected based on the user-specific
similarity metric and the one or more items output to
the user are chosen from the selected item clusters.
11. The method of claim 10, wherein determining the
user-specific similarity metric comprises determining a
mathematical distance between the weighted probability
distribution of the data set and the one or more input terms.
12. The method of claim 10, further comprising;
selecting a user-preference feature distribution from a
plurality of user-preference feature distributions based
on the one or more input terms, where each user-
preference feature distributions includes one or more
preferences of the user related to one or more diflerent
terms employed by the user previously; and

generating the weighted probability distribution based on
the selected user-preference feature distribution and the
probability distribution.
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13. The method of claim 10, wherein the user-preference
feature distribution comprises a likelthood for each item
cluster 1n the data set that the user will select that specific
item cluster from the plurality of item clusters of the data set
based on selections of 1tem clusters made previously by the
user.

14. The method of claim 13, wherein the user-preference
feature distribution further comprises a likelthood for each
item 1n the data set that the user will select that specific 1tem
from the plurality of items of the data set based on selections
of 1tems made previously by the user.

15. The method of claim 10, further comprising selecting
one or more subsets of the probability distribution of the data
set, where each of the subsets of the probability distribution
are related to a specific feature cluster and include a distri-
bution of probabilities that the plurality of terms of the
specific feature cluster occur 1 each of the plurality of the
item clusters, wherein the selection of the subsets and the
teature clusters 1s determined by correlating the input terms
with the terms of each feature cluster.

16. The method of claim 10, wherein outputting the 1tems
to the user occurs 1n response to the user entering one or
more mput terms as part of a query of the data set, the input
terms being indicative of a subject matter query.

17. The method of claim 10, wherein the data set com-
prises one or more personalized keywords; and wherein the
user-specific similarity metric 1s indicative of a likelihood
that one or more personalized keywords 1n the data set will
be entered by the user based on the probability distribution
and the user-preference feature distribution; and outputting
an ordered list of personalized keywords based on the
user-specific similarity metric, each personalized keyword
configured to extend the one or more 1nput terms entered by
the user.

18. A method for expanding a query produced by a
recommendation system, the method comprising, by a com-
puting system comprising one or more computing devices:

creating a probability distribution of a data set;

moditying the probability distribution of the data set by
mapping user activity data to one or more topics of the
data set to produce a user-preference feature distribu-
tion;

wherein the user activity data comprises a subset of the

data set;

wherein the user-preference feature distribution com-

prises a plurality of weighted probability values;
wherein a weighted probability value of the plurality of
welghted probability values indicates both (1) a likeli-
hood that a particular feature cluster occurs 1n a par-
ticular item cluster of the data set and (11) a likelithood
that the user will select an 1tem from the data set:
determining one or more query expanders to append to a
query of a user, the one or more query expanders being
selected from the data set based on the user-preference
feature distribution; and

outputting the one or more query expanders to the user.

19. The method of claim 18, wherein the query expanders
are personalized for each user utilizing a weighted probabil-
ity distribution of the data set based on a combination of the
probability distribution and the user-preference feature dis-
tribution.

20. The method of claim 18, further comprising generat-
ing a predictive metric for each query expander, the predic-
tive metric indicative of how likely the user 1s to enter a
query that includes the mput terms and the query expander
based on the similarities between the mput terms and the
query expander and based on the preferences of the user.
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21. A method of creating a measure of user preference, the

method comprising, with a computing system comprising,
one or more computing devices:

accessing a data set, the data set comprising a plurality of
items and each item comprising one or more occur-
rences ol a plurality of features,

clustering the data set into a plurality of 1tem clusters;

creating a probabaility distribution of the data set, wherein
the probability distribution comprises, for each item
cluster and feature combination 1n the data set, a
probability value proportional to the number of occur-
rences of the feature in the item cluster;

modifying the probability distribution of the data set by
mapping user activity data of a user to one or more
topics of the data set to produce a user-preference
feature distribution:

wherein the user activity data comprises a subset of the
data set;
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wherein the user-preference feature distribution com- 20

prises a plurality of weighted probability values;

wherein a weighted probability value of the plurality of
weighted probability values indicates both (1) a likeli-
hood that a particular feature cluster occurs 1n a par-
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ticular item cluster of the data set and (1) a likelihood
that the user will select an 1tem from the data set:;

making available the user-preference feature distribution
for use by a recommendation system to modify, supple-
ment, or replace a user-preference feature distribution
that 1s produced by the recommendation system.

22. The method of claim 21, comprising determining a
user preference for one of the item clusters by (1) for each
item cluster, summing the probability values of the prob-
ability distribution of the user-specific subset of the data set

for the features in the item cluster, and (1) comparing the
summed probability values across all of the item clusters.

23. The method of claim 22, comprising computing a user
specific weighting for each of the item clusters by, for each
item cluster (1) summing the probability values of the
probability distribution of the data set as a whole across the
teatures 1n the 1tem cluster, and (11) computing a ratio of the
sum of the probability values for the user-specific subset of
the data set to the sum of the probability values for the data
set as whole.

24. The method of claim 23, comprising modifying the
probability distribution of the data set by the user-specific
weightings.
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